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Caring for a balance of IP rights

Al & IP:
A LOVE-HATE i
RELATIONSHIP? fevea §iesranp

The sharpest Eye

APRAM-ECTA ®ETREAT JOINT EVENT in Paris, Panthéon Sorbonne

3 April 2025, 9:00-17:00 followed by a networking cocktail
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Al & IP: A LOVE-HATE RELATIONSHIP?
PROGRAM

3 APRIL 2025, PANTHEON SORBONNE AMPHI TURGOT, 17 RUE DE LA SORBONNE,

Co-organised with

A
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PANTHEON SORBONNI

ECOLE DE DROIT
DE LA SORBONNE

Sponsored by

F{EBRAND
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fevea

The sharpest Eye on IP

09:00
09:15
09:30

10:10

11:30

PARIS

ARRNVAL OF PARTICIPANTS
WH_COME SPEECHES & SPONSORS PRESENTATION

Panel 1: A short overview of technical aspects of Al and different perspectives on
protection

Moderator: EDOUARD FORTUNET, Partner, Jones Day, FR

JEANHVIARC DELTORN, Professor, CEIPI, FR

Panel 2: Al as a source of both creation and infringement. How has it been tackled: case
law from different jurisdictions

PIERRE MASSOT, Partner, Founder of ARENARE Lawfim, FR

CHARLESANTOINE JOLY, Partner, DS Avocats, FR

ALAN STROWHL, Professor, UCLouvain, Partner Pierstone Brussels, BE

Q&A

12:007 13:30 BREAK (Please note that no lunch is organised for participants)

13:45
13:55

15:30

OPENING OF THE AFTERNOON SESSION

Panel 3: Data scraping to feed Al models, data protection and other IP issues
Moderator: DELIA BELCIU, Partner, DB Law Office, RO

Rights reservations pursuant to Art. 4(3) DSM Directive and the policy of GPAI model
providers to identify and comply with them

Introduction by EDOUARD TREPPOZ, Professor, Panthéon - Sorbonne Paris | University, FR
Presentation by ALEXANDER PEUKERT, Professor of Civil Law and Commercial Law, Goethe
University Frankfurt, DE

Discussion: IP aspects linked to Article 53 of the Al Act transparency obligation and how
to prove that Al providers have used your work

ALEXANDRA BENSAMOUN, Professor, Université Paris Saclay, FR

THOMAS BOUVET, Partner, Jones Day, FR

Panel 4: Implications of Al and industry perspectives

Moderator: NICOLAS MOREAU, Partner, Bignon Lebray, FR

DAVID EL SAYEGH, Deputy Director-General, SACEM, FR

ANGELIQUE DE SMENCOURT, Deputy Director IP, CHRISTIAN DIOR COUTURE, FR
BENJAMIN BELLAMY, Business Development Manager for Al Solutions, LINAGORA, FR
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Détections, analyses et suppressions
des atteintes aux marques

sur les places de marché,

EBRA“ D / les sites Internet
et e-commerce,

les réseaux sociaux,

Y les app stores,
le darkweb,

et dans les noms
de domaine...

www.ebrand.com
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06 80486806
pberecz@ebrand.com

%

Notre

mission :
| Nettoyer

PInternet

Ours né sous |A










fevea'
Al & IP: A LOVEHATE RELATIONSHIP?

Artificial Intelligenceis by Fovea IP analysts and clients where it brings

e morereliability
© more efficiencyand, therefore
® reduced costandfaster delivery times




fevea'

Logo searching
EU27 | classes 9, 35, 42

Human Brain Artificial Intelligence

+ Vienna classes 24.17.08, 27.03.15, No Vienna classes
27.05.21, 27.99.13

| |

135 762active trademarks 2 120 97%ctive trademarks
5 days 3 seconds
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Q@ W

@ AIFIGURATIVE SIMILARITY

REGISTERS Trade Marks (28/196): Austria, Benelux, Bulgaria, Croatia, Cyprus, Czech Republic, Denmark, EUIPO, Estonia, Finland, France, Germany, Greece, Hungary, Ireland, Italy, Latvia, Lithuania, Malta, ...

&) Al Figurative Similarity

Please upload your image, available formats (JPG, JPEG, PNG), size (0.008MB - 2MB), pixels (100px, 1536px)

Nice Classes

Claimed Countries (WIPO)

BROWSE

9,3542 HH

Romania (RO), Spain (ES), France (FR), Cyprus (CY), Croatia (HR), Ireland (IE), Au... ~

R

CLEAR
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Industrial design searching
11 countries | sulzlasses 0901 & 0903 @
Human Brain Artificial Intelligence

319 423active & inactive industrial designs

N

8 days 6 seconds




v ® 3 Videos | Library | Loom H X ® rovealr X G5l
<« C 25 https://online.foveaip.com/search

s ﬂ = Ji Droobox Hubspot OFoveaH—‘ @\?Ser‘.sus 3 Liens utiles eChatGPT OStage O° Shooting *LOOM S WN . DocuSign & Welcome - Fireflies.ai uSondages u[\‘Tf«

= foveq ° Al INDUSTRIAL DESIGN SIMILARITY e @ @

## Al Industrial Design Similarity

REGISTERS Industrial Designs (11/101): EUIPO, France, Germany, Italy, Russian Federation, Singapore, Spain, Switzerland, United Kingdom, United States (Federal), WIPO

Please upload your industrial design image (up to 7), formats (JPG, JPEG, PNG), size (0.008MB - 2MB), pixels (100px, 1536px)

- N

BROWSE

(e

s
DISCLAIMER: It is essential to provide us with real images and their sketches in order to significantly enhance the relevance of the results. Current Al
technologies remain strongly dependent on the quality of the images provided by our clients. We are also reliant on the quality and resolution of the images
received from the offices.

9D

Locarno Classification 0901,0903 HH

Claimed Countries (WIPQ) EUIPO (EM), France (FR), United Kingdom (GB), Spain (ES), Russian Federation (R.. ~

ore values

Reference = CLEAR
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fevea

Fovea IP is als200 human braingand growing) to
e ReviewA.l. work (logos, industrial designs)

e Perform
e \Word mark searches (with the help of algorithms)
e Watching (with the help of algorithms)
® In-use searches
® Brand awareness surveys

e Manage+200 million trademarks, +23 million industrial designs, +170 million
LI 0Sydas becnn nnn nnn R2YFAY YyIYSaz yR |
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Contact us for more Info:

Pauline Déom & Marc Tena



mailto:pauline.deom@foveaip.com
mailto:marc.tena@foveaip.com
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A very brief introduction to
Artificial Intelligence

JeanMarc Deltorn
CEIPI
University of Strasbourg
DENOTE, MANTRA



What Is Al?
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Acceleration: DalE,

"Deep belief Firstindustrial StableDiffusiopSung
network developments Foundattionmodels
pretraining (Geoff Waymo, Uber, LLMs, GR®3,
Hinton): the Tesla (etc...) DeepSeek
F renaissance of (semiy Deepmind(Alpha :
Dartmouth: "IA deep neural autonomous Go, Rlphg(ZeF;o), NEleE] pizEs;
(birth of theterm) networks (DNNSs) vehicles etc. .. The emergence of

NBE3Idz | GA2Yy X
the ubiquity of Al

1950 19702000 20112012 2017 20202021

1955 2006 | 2016 | 20182019 20222025
symbolic and sub DNN at scale: The renaissance of openAl GPT2: "too
symbolic Andrew Ng and generative Al: dangerous to

- : approaches Jeff Dean Google "generative share", AlphaFold:
Alan Turing (summers and Brain adversarial Al and innovation
"Can machine winters of Al) "unsupervised networks"
think? recognition ("GANs")... and

Deepfakes



AJohn McCarthy's Definitiof1955): "the science and engineering of making
AYOuSttAaISYld YI OKAYySadé

A Stuart Russell and Peter Norvighe study of agents that perceive their
environment and take actions that maximize their chances of achieving their
J2Fftadé O0bh! NUAFAOALIET LyGaStftA3aISYyOoOSy !

AMargaret A. Boden (philosopher)the use of computer programs and
programming technigues to cast light on the principles of intelligence in general
FYR KdzYly GK2dzZaKd Ay LI NI AOdz | N3 b

AEU Al Act DefinitionAn Al system is a machib@sed system designed to
operate with varying levels of autonomy, capable of generating outputs such as
predictions, recommendations, or decisions that influence physical or virtual
environments.



What Is Al?
|y GdzZYo NBf £ F (0 SNWTFA VISRN dza A @& 32
In practice:a! L€ Ay @2t dSa ONBFIGAY3I YI OK

capable of performing tasks that typically require human intelligence,
such as learning from examples, producing new artefacts and preblem

a2zt OAYy 3D



s Al hew?

Not really :Al has progressed from early neural networks (a few
artificial neurons) to very large models deep learning models with
trillions of parameters (with many other techniques in between, incl.
symbolic, hybrid, probabilistic, evolutionary, etc.), reflecting continuous
advancements in algorithmic solutions, technology (CPU, GPU, TPU)

and access to data




Why such a hype?

Is this a real technological / societal disruption or just speculation?
Is it here to stay?



3116 AM

S
ﬁ Read the full conversation on

O 89K

®

< RJ Palmer
WAl @arvalis - Follow

A new Al image genera
making art that looks 1(
artist | am extremely co

Aug 14, 2022

Reply

T, Share

Read 1.6

Hi ChatGPT

Hello! How can | assist you today?

What do you think of a TIME cover story
with the title, “The Al Arms Race Is
Changing Everything?”

As an Al language model, | don’t have
personal opinions or beliefs, but | can
provide some context and information on
the subject.

“The Al Arms Race is Changing
Everything” could be an attention-grabbing
and thought-provoking title for a cover
story on Al. A cover story in a widely-read
publication like TIME could help raise
public awareness about the potential risks
and benefits of this trend, and stimulate
discussions on how to ensure that Al is
developed and deployed in a responsible
and ethical manner.

It's important to note that the title of
the story could also be interpreted as

! After a one month hiatus, | have returned with an exciting
nt about my personal project I've made using Midjourney. | have
g a special prompt that | will be publishing at a later date, | have

r many weeks of fine tuning and

after

are the results

(humans)




= CNN world

World / Asia

Finance worker pays ou
video call with deepfak
officer’

By Heather Chen and Kathleen Magramo, CNN
@ 2 minute read - Published 2:31 AM EST, Sun February 4, 202¢

//()//lr/HZE[;Q?(T)E‘(! SUBSCRIBE

o THR, ESQ.
News Opinion Sport Cu
; HOME > BUSINESS > BUSINESS NEWS

ducati hool h iversiti d . . .« . . e
Education Schools Teachers Universities Students ArtIStS SCOI‘B Ma]OI‘ WlIl n COpyrlght Case AgalnstAI A_rt
Nobel prizes Generators

/] 7 :
They don t ]U’St fall out The court declined to dismiss copyright infringement claims against the AI companies. The
awal‘ds highlight Bl‘it ai order could implicate other firms that used Stable Diffusion, the Al model at issue in the case.

BY WINSTON CHOAUGUST 13, 2024 1:09PM

Recognition for Demis Hassabis and Ge —
moment when important ingredientsc | f || X || @] | =]+

BORIS SV / GETTY IMAGES



Test scores of Al systems on various capabilities relative to human
performance

Within each domain, the initial performance of the Al is set to -100. Human performance is used as a baseline, set to zero. When
the Al's performance crosses the zero line, it scored more points than humans.

BB Table |~ Chart # Edit capabilities

20 —— Reading comprehension

:[ Image recognition
Language understanding

__— Handwriting recognition

- = Speech recognition
—— Predictive reasoning

-20

-60

-80

-100 The.capability of each Al syst£m is.normalized to an.initial.p ‘rformanj;e o¥-100

| | | | | |
1998 2005 2010 2015 2020 2023
Data source: Kiela et al. (2023) - Learn more about this data OurWorldinData.org/artificial-intelligence | CC BY

Note: For each capability, the first year always shows a baseline of -100, even if better performance was recorded
¢ < .dJ
later that year. -
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Not just academic... but real-world applications

Basal cell carcinomas * Epidermal benign
* Epidermal malignant
Melanocytic benign

* Melanocytic malignant

Squamous cell carcinomas

Nevi

:
. 28 o, *
TR T FE R X
LR o ¥Rty . Ty
. . o ol N . A o . 2 5 -
o .... tee ., .t AL b ' ‘
: ., * . .
o2 -.'“"-' R o PR 4 ¥ }
v ¢ e
i Tt e Sl GEC - -
. L ~.." o - o *0 o i s
L b S ol - e :
. b ) b o o -
. PR .

—2::._. e o R I bieg
Melanomas o .~‘.:' e TR et S

Seborrhoeic keratoses

Esteva et al. 2017 "Dermatologist-level classification of skin cancer with deep neural
networks" Nature 542, 115-118

naturemedicine

Explore content ¥  About the journal ¥  Publish with us v Subscribe

nature » nature medicine > articles » article

Article | Published: 17 May 2024

Prediction of DNA methylation-based tumor
types from histopathology in central nervous
system tumors with deep learning

Danh-Tai Hoang, Eldad D. Shulman, Rust Turakulov, Zied Abdullaev, Omkar Singh, Emma M.

Campagnolo, H. Lalchungnunga, Eric A. Stone, MaclLean P. Nasrallah, Eytan Ruppin Mg

Kenneth Aldape &

Nature Medicine 30, 1952-1961 (2024) | Cite this article

7385 Accesses | 5 Citations | 649 Altmetric | Metrics

a tenclass model trained on an
..Internal dataset of 1,796 patients,
«wial\ye predict thetumor categories in

methyl

«venthree independent external test

widely

Absti

mmndatasets including 2,156 patients,
ﬂlachieving an overall accuracy of 9

5



Reality checks: coping with edge cases & safety

nNJust a coup
ago, our vehicules were
driving through Mountain
View, and this is what we
encountered : this is a
woman in an electric
wheelchair, chasing a duck
Il n circles o

(Chris Urmson, formerly
with Waymo)
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Al Incidents

The Al Incident Database (AlID) tracks instances of ethical

misuse of Al, such as autonomous cars causing pedestrian

fatalities or facial recognition systems leading to wrongful
arrests.? As depicted in Figure 3.1.2, the number of

Al incidents continues to climb annually. In 2023, 123
incidents were reported, a 32.3% increase from 2022.

Since 2013, Al incidents have grown by over twentyfold.

Number of reported Al incidents, 2012-23

Source: Al Incident Database (AlID), 2023 | Chart: 2024 Al Index report

120

100

Number of Al incidents

(e}

o

123
80
60
40
| I I I

The continuous increase in reported incidents likely
arises from both greater integration of Al into real-
world applications and heightened awareness of its
potential for ethical misuse. However, it is important
to note that as awareness grows, incident tracking
and reporting also improve, indicating that earlier

incidents may have been underreported.

2012 2013 2014 2015 2016 2017

2018 2019 2020 2021 2022 2023
Figure 3.1.2

Artificial
Intelligence
Index Report
2024

HAI - Al Index
Stanford 2024
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Generative Al & LLMs

ChatGPT From OpenAI Is A Bot pripkleii

Change in ChatGPT website visitors
Taking The Tech World By Storm =
since launch
[Worldwide, indexed volume]

100__Relative Google Searches 2 ___ Subscribers on r/chatgpt 2 1.85 billion
10l Reddi isi e
. [Reddit users] /  billion T 1.66 billion
. 8k visitors

@
“ ) wa 117 [T S —_ JS——
chatgpt e 1billion
, o—o—® visitors
Nov-3C Dec-07 Due-01 ReciQs | Dec0D D0/
1 billion 616 million

1,250,000 —_— Stylized Path To 1 Million Users* [# of days from launch] visitors
1000.000 . ChatGPT o Instagram Spotify % 266 million

~5 days ~75 days ~150 days P 500 million visitors
750,000 / 152,700
/ visitors
500,000 22/11/2022
0 | | | | |
230,000 Nov 22 Dec 22 Jan 23 Feb 23 May 23 June 23
= J # of days

0 75 125 150
ChO_IJC e e : Read the full report at tooltester.com/en/blog/chatgpt-statistics t(x)ltester



Why such a hype?

Al's rapid adoption across diverse industries is due to its ability to

enhance efficiency, accuracy, and innovation (scientific discovery) In
reat6 2NI R | LILIX AOIF GAZ2yad

Al Is now delivering tangible benefits in a large spectrum of practical
applications.



But, how does it work?

| 26 OlFYy aYlI OKAYySa fSINYyéK



Artificial intelligence (Al)These are "machines whose behaviour would be
considered intelligent if exhibited by a humanalsoJohn McCarthy, 1955)

A Alltheories,techniguesandapplications
In practice : implementedto simulatecognitiveprocesses
A (perception,decisionproduction, "understanding)

Expertsystems
Humansmustidentify and set out 8 Rules
H 1 IIIIIIIIIIIIII> .
rulesin symbolicform, that are (symbolig

machineinterpretable (not easy)

Rules

(find and represent  FEEEEELL (parametric
correlations in data) modeb

Learning

31



Artificial intelligence (Al)These are "machines whose behaviour would be
considered intelligent if exhibited by a humar{alsoJohn McCarthy, 1955)

A Alltheories,techniguesandapplications
In practice : implementedto simulatecognitiveprocesses
A (perception,decisionproduction, "understanding)

Expertsystems
Humansmustidentify and set out 8 Rules
H 1 Illlllllllllll> .
rulesin symbolicform, that are (symbolid

machineinterpretable (not easy)

Trained

(find and represent |y UnEEhE)
correlations in data) model

Learning
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Al: from Input to prediction

Start: definition of a problem (e.g. recognise classes of specific objects in images)

input data

‘®

A

[l

v

annotators training data
(assign label to data)



Al: from Input to prediction

Start: definition of a problem (e.g. recognise classes of specific objects in images)

input data

‘®

A Q @ O
OV O\ 7O
: oies e\ i)
> @)
v O O O
... . . .
a™ define a machine learning
annotators training data architecture

(assign label to data) and training process



Al: from Input to prediction

Start: definition of a problem (e.g. recognise classes of specific objects in images)

input data

‘®

A

[l

v

annotators training data
(assign label to data)

\ 4

Q
N
K0 H DY
J oooo O

define a machine learning
architecture
and training process

O

trained model

g0 0D

2 gegcPans

O

sdedehspe

O

obtain a b‘

label prediction

application

A\

new (unseen) data




Al: A (as) array of techniques

Artificial
Intelligence

Evolutionary
approaches

expert
systems Machine
learning

neural
logic prog. networks

deepneural
networks

... and many
others!
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But, how does it work?

Al systems learn from data through various methods, enabling them to
make predictions, uncover patterns, or make decisions based on
experience



How do you train an artificial neural network?

The problem: train a classifier to identify portraits
among other types of work

How do we do it?
A Using a supervised learning technique

(1) Choosing a data set

1 we start with a set of labelled training data (in this
case portraits and other types of painting).

I each image has been labelled (by hand) :

I a"l1" label for a portrait
1 a"0" label otherwise




(2) Choosing a '‘'model

1. A neural network
architecture is defined (number
of layers, number of neurons per
layer, types of activation
functions, etc.).

RQ: The architecture may need
to be adapted to the type of
Input data (text, sound, images,
graphics, etc.).

2. The parameters (all w;®)
are set to random values

(e.g. pixels, audio)

model :
artificial neuron

n parameters (w, )
activation function
(sigmoid, ReLu, etc.)

hw,b(x)

output layer

(here: a single
neuron)

hidden layer

input layer

(composed of
artificial neurons)



(3) The choice of atraining method for the model

1. animage is chosen (at
random) from the

drive assembly

4 training set.
\)/v-,/
W, 2. We know his label
"portrait" or not
. , (p )
W2 hyo(X)
Layer L,

+1

3. The pixels of an input
image are supplied as input
to the first layer of the
network



Data
training
(known content)

+1

Image + label
(portrait: "1")

The weight of the
4 neurons is modified
2 according to their
\ contribution to the wrong

Modification of
parameters

“’2 ) A answer. ’
it's not AN
uis wi - not a
ik portrait”

we compare
labels :
"1" Is expected



bata settings Ok

training

(known content) (we do nothing)

o(X)

——bportrait n

Layer L,

Image + label
(portrait)



The model is trained (the parameters are modified) until the "contract” is

satisfied...

Error

W2 Nyyp(x)

Layerl; 0 o oo oo

iterations




We usedthe training datato modify
the parameters(the weights) of
eachneuronsothat the overall
behaviour ofthe network met a

predefined quality metric(an error)

Theresult isa set ofparameters
Layer L ("weights') which control the
operation ofthe NN.

this trained model can now be
applied tonew data




foward pass ~ compare
(use current

predicted label
state of network with expected Coste
to predict label) (known) label

\‘ - '-\.:“'H A r
\ - H? P if wrong,
: pick dataat random NN backpropagate the error
(%), ¥ from training set ®; ~ modify weights layer by
i (with know labe) -

layer starting from the
last, according to their

iterate until

convergence or
error goes below
threshold

contribution to the error.

ET Yor&Y)




Link between complexity (of the problem) and model size

simple" model
(few parameters)

A small number of examples
training is all it takes

49



Link between complexity (of the problem) and model size
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Al Is becoming more and more data-hungry...

Zettabytes

180

160

140

120

100

80

60

40

20

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Source: IDC's Data Age 2025 study
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Why the hype?

- Algorithmic progress

- 1 00Saa G2 /t! oDtwk¢t
- Acess to data

N
N
/‘\‘gﬁ,’?ﬁ’/‘\\t\ﬁ,’ﬂ 7
RO SLARE J%
XA RN IAXKS

YOSHUA BENGIO,
GEOFFREY E. HINTON
AND YANN LECUN

For conceptual and engineering
breakthroughs that have made
deep neural networks a critical

component of computing
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General Purpose Al / Foundation models

Foundation models /GPAlargescale Al
models trained on vast amounts of datz
designed to be adaptable to a wide ran
of downstream tasks. They serve as a
base upon which various applications ¢
be built, reducing the need for task
specific models.

A Capable of performing multiple tasks
across different domains without task
ALISOATFTAO NI AYAY T

A Trained on extensive dataset®ften_
using seli dzZLISNIWWA A SR S

A Can be finetuned for specific
application Sy K|l yOAYy 3 |

Data

Text ' l

R ——-
1

i

V 2
b

J/ Images

. « '
Traini
Speech / . K " raining

+ Structured
¥ . Data

-

3D Signals @

J
(S
U
Foundation
Model

Adaptation ’

Tasks
Question 7
h Answering * ,=§
4 ' Sentiment
Q‘l , . Analysis
I/

N

& ‘ /

Q:-’. Information __.
y Extraction

5, Image
@ Captioning 4
=
g Object
%‘;v’ ’ ﬁkecognition

Instruction

@4« . Following ..




2 KI'd R2Sa A0 Y

In Al, learning involves a system improving its performance on specific
Ul a“[a 68 2LINAYATAY3I AGa AYIGSNYI €

| dzYF ya RSFTFAYS (0KS Y2RSf Qa | NOKA{
choose the task to be solved, set the performance metrics, collect the
training data, validate the outputs, etc.



What Is generative Al?

How can algorithms produce novel artefacts?



v

e

Generative Al refers to algorithms that can create new corttenich as text, images, audio, or videby
learning patterns from existing data.

How It Works:
A Training PhaseThe model is exposed to vast amounts of data, allowing it to learn statistical patterns
YR Nb{lFuUAZYyaKALEA®

A Generation PhaseUpon receiving an mput (often called a "prompt”), the m deI produces content by
LINSRAOUAY3I YR FaaSyofAy3a StSYSyl ol aSR 2V
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Not so new (again)

2019

2016

2020

2021
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Style transfer

portraitAl.app
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Generative Al & generative adversarial networks

constraints

Generator/ Forger
triesto producefake samples

AR
g’ o% ﬁo o true or false?
e r——————

concrete examples "
Discriminator / "critic

- -4

GNASa (2 RSGSOG aF2NEHSNRMSAE
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TodayA TransformersDiffusionmodels

1. progressivehaddnoise to an image




databaseexpansion
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What Is generative Al?

Generative Al enables machines to create new content by learning
LI GGSNYya FTNRY SEAaAGAY3T REGE O



Who controls the outputs?

How much can we constrain the products coming out of generative Al?



Role of PromptsThe input prompt significantly influences the output. Carefully crafted
prompts can guide the model toward deswed responges,absolute control over the

~ o Ve ~ hod

natured ¢ KS Y2RSf YI& LINRRdZOS dzy SELISOGSR NEB:
SYRSR LINRYLI ao

Techniques for Output Control:

- Prompt EngineeringDesigning specific prompts to steer the model's responses in a
LI NI A Odzf I NJ RANBOGAZ2Y @

- FineTuning Adjusting the model's parameters on a specialized dataset to align outputs
GAUK ALISOATAO NBIJANBYSYyUao

- Sampling StrategiedMethods like temperature setting and tdpsampling influence the
randomness and diversity of the generated content.



‘ prompt

» Image

What if we repeat (using the same prompf?same image?

What if we use more detailed promp#s more control over the output?



chatGPT

Basic:A cat.

chatGPT

Very Detailed:A peaceful domestic scene captured as if painted by a soft i
realist artist. A fluffy orange tabby cat with white paws lies curled on an ag
oak windowsill, the morning sunlight filtering through sheer lace curtains,
casting a warm glow on its fur. A small ceramic pot holding a vibrant gree
succulent sits beside the cat, creating a balanceotdr and texture. Outside
the window, a blurred garden with blooming daisies and butterflies hints at
spring. The cat looks serene, eyes {tadsed, ears twitching faintly. The mood
Is calm, quiet, and filled with gentle warmth, evoking a sense of home and
contentment. The artist's intent is to depict a fleeting, tender moment of
stillness in a chaotic world.

A What if more words, more details?...



Who controls the outputs?

While prompts and tuning techniques can guide generative Al outputs,
achieving control over the content and form is inherently limited: the
details of the expression are forged by the model (its architecture,
training data, finetuning, humanfeedback @ training, validation)
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Model memorization (of training data)

Memorization vs. Generalization

Memorization occurs when a model recalls exact details from its training data,

whereas generalization refers to the model's ability to apply learned patterns to

YVSé6X dzyaSSy RIGI @

Why?

- Model Size Larger models with more parameters have a higher capacity to
YSY2ZNRARIT S UONIYAYAY3I RIEGH O

- Training Duratlon Extended training periods can Iead to overfitting, where the
Y2RSt 0S02YSa 20SNI eé ALISOAILFIfAT SR (2 |

- Data Characteristicdmbalanced or small datasets increase the likelihood of
YSYZNAI FUGAZ2Y D






